Abstract
Introduction

50
Recent analyses for the Po River and the Danube River highlighted that catchments may exhibit significant 51 correlation between peak river flows and average flows in the previous months (Aguilar et al., 2017) . Such 52 correlation is the result of the behaviours of the physical processes involved in the rainfall-runoff 53 transformation that may induce memory in river flows at several different time scales. The presence of long-54 term persistence in streamflow has been known for a long time since the pioneering works of Hurst (1951) 55 and has been actively studied ever since (e.g. Koutsoyiannis itself and the mean flow in the previous months. Since we are interested in seasonal persistence, we compute 124 the Pearson's correlation coefficient up to 9-month lag for HFS and 11-month lag for LFS. 125
An extensive investigation is carried out to identify physical drivers of seasonal streamflow correlation, 126 in terms of catchment, climatic and geological descriptors. 127
As catchment descriptors, we consider the basin area (A), the Baseflow Index (BI), the mean specific 128 runoff (SR) and the percentage of basin area covered by lakes (percentage of lakes, PL) and glaciers 129 (percentage of glaciers, PG) as candidate explanatory variables for streamflow correlation. 130
The area A (km 2 ) is primarily investigated as it is representative of the scale of the catchment, under 131 the assumption that in larger basins the impact of the climatological and geophysical processes affecting river 132 flow becomes more significant and may lead to a magnified seasonal correlation. 133 BI is considered basing on the assumption that high groundwater storage may be a potential driver of 134 correlation. BI is calculated from the daily flow series of the rivers following the hydrograph separation 135 procedure detailed in Gustard et al. (2009) . Flow minima are sampled from non-overlapping 5-day blocks of 136 the daily flow series and turning points in the sequence of minima are sought and identified when the 90 % 137 value of a certain minimum is smaller or equal to its adjacent values. Subsequently, linear interpolation is 138 used in between the turning points to obtain the baseflow hydrograph. The baseflow index is obtained as the 139 ratio of the volume of water beneath the baseflow separation curve versus the total volume of water from the 140 observed hydrograph, and an average value is computed over all the observed hydrographs for a given 141 catchment. A low index is indicative of an impermeable catchment with rapid response, whereas a high value 142 suggests high storage capacity and a stable flow regime. 143 SR (m 3 s -1 km -2 ) is computed as the mean daily flow of the river standardized by the size of its basin 144 area. It may be an important physical driver as it is an indicator of the catchment's wetness. PL (%) and PG 145 (%) are investigated for the Swedish and Austrian catchments, respectively, as lakes and glaciers are expected 146 to increase catchment storage thus affecting persistence. Lake coverage data are based on cartography and 147 available from the Swedish Water Archive (https://www.smhi.se/), while glacier coverage data are estimated 148 from the CORINE land cover database (https://www.eea.europa.eu/publications/COR0-landcover). 149
The effect of catchment altitude is also inspected using relief maps from the Shuttle Radar Topography 150 Mission (SRTM) data (http://srtm.csi.cgiar.org/). The data are available for the whole globe and are sampled 151 at 3 arch-seconds resolution (approximately 90 meters). Topographic information is available for all 152 catchments located at latitude lower than 60 degrees north while a 1 km resolution digital elevation model is 153 available for Austria. 154
As geological descriptors we consider the percentage of catchment area with the presence of flysch 155 (percentage of flysch, PF) and karstic formations (percentage of karst, PK) for Austrian and Slovenian 156 catchments, respectively, for which this type of information is available. A subset of Austrian catchments is 157 characterised by the dominant presence of flysch, which is known to generate a very fast flow response. 158
Karstic catchments are also known for having rapid response times and complex behaviour; e.g. initiating 159 fast preferential groundwater flow and intermittent discharge via karstic springs (Ravbar, 2013 ; Cervi et al., 160 2017). Geological features are expected to be linked to persistence properties also because of geology is the 161 main control for the baseflow index across the European continent (Kuentz et al. 2017) . PK (%) and PF (%) 162 are estimated from geological maps of Slovenia and Austria, respectively. 163
As climatic descriptors, the mean annual precipitation P (mm year -1 ) and the mean annual temperature 164 T (°C) are selected. Data are retrieved from the Worldclim database (http://www.worldclim.org/) at a spatial 165 resolution of 10 minutes of degree. We also adopt as climatic descriptor the De Martonne index (De 166 Martonne, 1926), IDM, which is given by IDM = ( + 10) ⁄ , and enables classification of a region into 167 one of the following 6 climate classes, i.e., arid (IDM ≤ 5), semi-arid (5 < IDM ≤ 10), dry sub-humid (10 < 168 IDM ≤ 20), wet sub-humid (20 < IDM ≤ 30), humid (30 < IDM ≤ 60) and very humid (IDM ≥ 60). 169
Additionally, the Köppen-Geiger climatic classification ) of the rivers is also assessed. 170
To identify what catchment, physiographic and climatic characteristics may explain river memory we 171 attempt to regress the seasonal streamflow correlation against the physical descriptors introduced above. We 172 In essence, PCA is an orthonormal linear transformation of p data variables into a new coordinate system of 175 q ≤ p uncorrelated variables (principal components, PCs) ordered by decreasing degree of variance retained 176 when the original p variables are projected into them (Jolliffe, 2002) . Therefore, the first principal axis 177 contains the greatest degree of variance in the data, while the second principal axis is the direction which 178 maximizes the variance among all directions orthogonal to the first principal axis and so on. Specifically, let 179
x be a random vector with mean μ and correlation matrix Σ, then the principal component transformation of 180
x is obtained as follows: 181 In the Gaussian domain, a bivariate Gaussian distribution is fitted between the random explanatory 214 variable NQm and the dependent variable NQp assuming stationarity and ergodicity of the variables: 215
where ρ(NQm, NQp) is the Pearson's cross correlation coefficient between NQm and NQp, and Nε(t) is an 217 outcome of the stochastic process Nε, which is independent, homoscedastic, stochastically independent of 218 NQm and normally distributed with zero mean and variance 1−ρ 2 (NQm, NQp ). Then, the joint bivariate 219
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properties, it follows that for any observed NQm(t) the probability distribution function of NQp conditioned 223 on NQm is Gaussian, with parameters given by: 224
To derive the probability distribution of Qp conditioned to the observed Qm, we apply the inverse NQT. This 227 is referred to as the updated probability distribution. We use the Extreme Value Type I distribution for the 228 peak flows and calculate the differences in the magnitude of estimated maxima for a given return period 229 between the unconditioned and the updated distribution. The latter is conditioned by the 95% sample quantile 230 of the observed mean flow in the previous month. 231 terms of the selected descriptors is also provided in Table 1 , showing that the investigated rivers cover a wide 249 range of catchment area sizes, flow regimes and climatic conditions. 250
Data and catchments description
It is interesting to note that some of the above rivers are subject to regulation, which may alter the 251 persistence properties of river flows. On the one hand, under the assumption that river flow management 252 does not change in time, the presence of regulation does not preclude the exploitation of correlation for 253 predicting river flows in probabilistic terms. On the other hand, regulation may affect the analysis of physical 254 drivers, as it may enhance or reduce persistence in the natural river flow regime. Given that the results that 255 we herein present are derived from a large sample of catchments, we assume that they are not significantly 256 affected by the mild regulation that takes place in a few of them. 257 for which we inspect higher seasonal correlation against previous average flow. 266 Regarding the LFS identification, the two considered approaches (see Section 2.1) agree for 139 out of 267 224 stations but the first method, i.e. the one-month period with the lowest amount of mean monthly flow is 268 selected as being more relevant to the purpose of computing mean flow correlations. 269
River memory analysis for the considered case studies
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Seasonal correlation 270
LFS correlation is markedly higher than the corresponding HFS correlation for lags 1-5 and its median 271 remains higher than 0 for more lags (see Fig. 2 ). For the case of HFS correlation, we focus only on the most 272 significant first lag, for which 73 rivers are found to have correlation significantly higher than 0 at 5 % 273 significance level. In Fig. 3 , the autocorrelation of the whole monthly series is compared to the LFS 274 correlation for lag of 1 and 2 months, in order to prove that the seasonal correlation for LFS is significantly 275 higher than its counterpart computed by considering the whole year. The latter is also confirmed by the 276 Kolmogorov-Smirnov test for both LFS lags (corresponding p-values, plag1 < 2.2 ×10 -6 and plag2 < 2.2 ×10 In what follows, we will use the term "positive (negative) impact on correlation" to imply that an 290 increasing value of the considered descriptor is associated to increasing (decreasing) correlation. For each 291 descriptor, we also report between parentheses the Spearman's rank correlation coefficient rs (Spearman, 292 1904) between its value and the considered (LFS or HFS) correlation, and the p-value of the null hypothesis 293 in the plots also indicates that it is not a key determinant of correlation. 300
Flow indexes -Descriptors BI and SR
301
The effect of the BI and SR is shown in Fig. 6 . BI (Fig. 6a ) appears to be a marked positive driver for LFS 302 (rs = 0.6, p = 1.8 × 10 -23 ) while its effect for HFS is less clear, being weakly positive (rs = 0.21, p = 0.001). 303
As for SR (Fig. 6b) , it looks that both LFS and HFS streamflow correlations drop for increasing wetness (rs 304 = -0.4, p = 4 × 10 -10 and rs = -0.28, p = 2.8 × 10 -5 respectively). 305
Presence of lakes and glaciers -Descriptors PL and PG 306
Detailed information on the presence of lakes is available for the 69 Swedish catchments while areal 307 extension of glaciers is known for the 108 Austrian catchments. Figure 7 shows their impact. The impact of 308 lake area (Fig. 7a) which is typically occurring in the summer months for the considered catchments, flows are mainly 316 determined by snowmelt which is associated to large variability and reduced persistence (Fig. 7b) . 317 
Catchment elevation 318
The areal coverage of the SRTM data is limited to 60 degrees north and 54 degrees south and therefore, data 319 for the northern part of the Swedish catchments are not available. The rest of the rivers are divided in three 320 regions based on proximity: Region I including the central and eastern part of the Alps and encompassing 321
Austrian, Slovenian and Italian catchments; Region II showing the western part of the Alps and encompassing 322
French and Spanish territory; and Region III including the southern part of Sweden. Figure 8 shows elevation 323 maps along with the location of gauge stations and magnitude of correlations. Elevation seems to enhance 324 LFS correlation which is more evident in the mountainous Region I (Fig. 8) . For HFS correlation there is not 325 a prevailing pattern. 326
In the case of Austrian catchments, a 1 km resolution digital model is also used to extract information 327 on elevation. 
Physical drivers of high correlation 358
To gain further insights into the results we select the 20 catchments having the highest streamflow seasonal 359 correlation coefficients for both HFS and LFS periods in order to investigate their physical characteristics in 360 relation to the remaining set of rivers. Table 2 those obtained from 1000 randomly sampled 20-cathcment groups from the whole set of considered 365 catchments to assess whether higher correlation implies distinctive features. 366
By focusing on HFS, one can notice that the catchments with higher seasonal correlation are 367 characterised by larger catchment area, higher baseflow index and temperature with respect to the remaining 368 catchments, and lower specific runoff, precipitation and wetness. Presence of lake, glaciers, karstic and 369
Flysch areas do not appear significantly effective at a 5 % significance level. More robust considerations can 370 be drawn for the LFS: higher seasonal correlation is found for larger catchments with higher baseflow index 371 and lower specific runoff, precipitation and wetness. Decreasing temperature is strongly associated with 372 higher correlation for the LFS. The presence of lakes plays a significant role both for lag-1 and lag-2 373 correlations with the latter being also significantly influenced by presence of glaciers. 374
Principal component analysis of the predictors and linear regression
375
We attempt to fit a linear regression model to relate correlation to physical drivers, in order to support 376 correlation estimation for ungauged catchments. To avoid the impact of multicollinearity in the regression 377 while additionally summarize river information, we apply a PCA analysis (see Section 2.2). Although 378 correlation effects are efficiently dealt with via the PCA, we avoid including highly correlated variables in 379 the analysis. For example, the De Martonne Index, Precipitation and SR are mutually highly correlated (all 380
Pearson's cross-correlations are higher than 0.6) and therefore we only consider the SR in the PCA because 381 it shows a more robust linear relationship with correlation magnitude. We select A, BI, SR and T as the 382 variables to be considered in the PCA. A log transformation is applied on the basin area to reduce impact of 383 outliers. Table 3 shows the coefficients estimated for each component (the loadings) and the explained 384 variance. The first principal component is primarily a measure of BI; the second principal component majorly 385 accounts for T and the third principal component accounts for A. There is an evident geographical pattern 386 emerging by the visualization of countries in the biplot (Fig. 13) . Slovenian rivers cluster towards the 387 direction of increasing SR and T, whereas Swedish rivers towards the opposite direction of increasing BI and 388 decreasing T. Austrian rivers, which are the majority, are the most diverse. The first two components together 389 explain the 70 % of the total variability in the data. 390 Naturally, the statistical behaviour of the indexes reflects the known local controls for certain rivers. 391
For example, the observed lowest BI in Slovenia is consistent with the presence of karstic formations for the 392 majority of the Slovenian rivers, as also is the higher BI in Sweden and Austria, which is related to the 393 presence of lakes and glaciers in both countries. 394
In the case of HFS, all the examined linear models (combinations of ln A, SR, BI, P, T, IDM predictors) 395 failed in explaining the streamflow correlation magnitude. On the contrary, the linear regression model 396 performs fairly well in explaining the correlation for LFS, with an adjusted R 2 value of 0.58 and an F-test 397 returning a p-value < 2.2 ×10 -16 . The coefficients for the first three PCs are found significantly different from 398 zero at a 0.1 % significance level and are included in the regression (see Table 4 A visual inspection of the residuals plots for both rivers is also performed (Fig. 15a, b ) in order to 414 evaluate the assumption of homoscedasticity of the residuals of the regression model given by Eq. (2). The 415 residuals do not show any apparent trend and therefore the Gaussian linear model is accepted. Figure 15 (c,  416   d) shows the conditioned and unconditioned probability distributions of peak flows in the Gaussian domain. 417
As expected from Eq. (3) and (4), the variance of the updated (conditioned) distribution decreases while the 418 mean value increases. 419
After application of the inverse NQT the conditioned peak flows are modelled through the EV1 420 distribution and compared to the unconditioned (observed) peak flows. The corresponding Gumbel 421 probability plots for conditioned and unconditioned distributions are shown in Fig. 15 (e, f) 
Discussion and Conclusions
426
The methodology presented herein aims to progress our physical understanding of seasonal river flow 427 persistence for the sake of exploiting the related information to improve probabilistic prediction of high and 428 low flows. The correlation of average flow in the previous months with LFS flow and HFS peak flow was 429 found to be relevant, with the former prevailing on the latter. This result was expected since the LFS 430 correlation refers to average flow while the HFS correlation is related to rapidly occurring events. We also 431 aim to investigate physical drivers for correlation. Therefore, a thorough investigation of the geophysical and 432 climatological features of the considered catchments was carried out. We also confirm the role of lakes in determining higher catchment storage and therefore positive 458 correlations for the LFS, which has been reported for annual persistence in a few sites (Zhang et al., 2012) . 459
The effect of snow cover for lag-1 LFS correlation is also revealed by the Austrian catchments. The 460 mountainous rivers, directly affected by the process of snow accumulation, exhibit winter LFS and higher 461 correlation than the rivers in the lowlands, which are more prone to drying out due to evapotranspiration in 462 the hotter summer months. The inspection of elevation data confirmed the role of high altitudes in increasing 463 LFS correlation, which is likely related to storage effects due to snow accumulation and gradual melting. In 464 this respect, Kuentz et al. (2017) found that topography exerts dominant controls over the flow regime in the 465 larger European region, controlling the flashiness of flow, and being a particularly important driver for other 466 low flow signatures too. In fact, topography may affect the flow regime directly, through flow routing, but 467 also indirectly, because of orographic effects in precipitation and hydroclimatic processes affected by 468 elevation (e.g. snowmelt and evapotranspiration). 469
Regarding atmospheric forcing, we find LFS correlation to be negatively correlated to mean areal 470 temperature and annual precipitation. The former result may be explained considering that increased 471 evapotranspiration (higher temperature) is expected to dry out LFS flows while snow coverage (lower 472 temperature) was found to be associated to higher LFS correlation. An apparently different Tables   624   Table 1 Summary statistics of the river descriptors. Summary statistics for PL, PG and PF variables are computed 625 only for the subset of catchments with positive values (the total number of catchments is also reported in brackets).
626
PK is used as a categorical variable (PK is either higher or lower than 50 % of catchment area), therefore sample 
